INTRODUCTION
Due to the limitations of conventional planning models, recent attention in travel demand research is shifting towards the development of integrated, behavioral and policy-based models of activity and travel patterns (Kitamura, 1997; Axhausen and Garling, 1992) . In this regard, there is growing interest in capturing dynamic aspects in activity-travel decisions. In particular, investigations on the timing and duration dimensions in activity-travel patterns are being supported by the availability of richer data and more general analysis methodologies (Damm, 1982 , Ettema, 1995 , Mannering, 1992 , Bhat, 2001 . In this context, this paper presents a joint hazard-based model of activity (also referred to as stops, interchangeably) and trip durations to capture the interdependency between the two duration processes.
This investigation is motivated by the following considerations: 1) stop duration directly affects the number of cold-starts and therefore has important implications on accurate predictions of airquality, a major concern for Congestion Management Air Quality programs (Bhat, 2001 ), 2) trip duration is of importance as it affects virtually all stages of the four-step planning process including destination, mode, and route choices, and 3) although not readily apparent, activity durations also influence the congestion encountered on the network by altering the spatial and temporal distribution of flows on the network (Abdelghany, 2001 with important implications for routing models and dynamic network assignment.
Due to these motivating considerations, several investigators have modeled activity and trip durations of activity episodes (Neimeier, 1996 , Bhat, 1998 , Hensher and Mannering, 1994 . Two broad categories of approaches have emerged for analyzing these continuous decisiondimensions: simultaneous regression-based models and hazard duration based models. While simultaneous equations can capture correlations across multiple dimensions, they cannot account for duration dependence effects. In contrast, hazard duration models account for the latter effect, but do not capture the correlation between multiple duration dimensions.
To address these limitations, two principal objectives are proposed in this paper. The first objective aims to specify and test flexible hazard-based duration models to analyze activity episode-level duration decisions. Under this objective two tasks are pursued. The first task proposes a model to jointly analyze multiple and correlated duration dimensions using a hazardduration based framework. The second task aims to investigate and generalize the constant hazard profile assumptions by permitting shape (hazard profile) parameters to vary across individuals.
The second objective uses the flexible hazard-based framework to investigate substantive factors that affect episode-level stop and trip duration of shopping activities. Under this objective, the following questions are specifically investigated. Are there systematic differences in hazard rate parameters (across individuals e.g. workers/non-workers)? What are the key covariates that affect activity and trip durations, and are there significant differences in their effect across different socio-demographic segments (male vs. female, age segments etc.)?. What is the effect of activity timing decisions (departure time) on hazard rates of shopping activities (trip and stop durations)? Insights into these questions have important implications for activity-travel analysis and travel demand forecasts.
The proposed work builds upon the large existing literature in activity-duration analysis by proposing more flexible and joint hazard duration model system of inter-related (simultaneous) duration dimensions. The increased flexibility arises from decomposing the duration distribution implicitly into two components: an independent log-logistic hazard distributions for activity and trip durations, and correlated errors from a bi-variate log-normal distribution (to account for correlation). Note that similar error-components scheme have been recently used in discrete choice contexts to overcome restrictive assumptions in conventional models (example i.i.a assumptions in the multinomial logit models, Revelt, 1998; Bhat, 1998 ). The proposed model also enables the specification of more general hazard duration profiles (observed empirically) by allowing the profile shape and location parameter to vary systematically across individuals. While a few studies have recognized these variations and tried to account for them using nonparametric methods (Bhat, 2001 ; Kharoufeh, 2002) , this study captures these variations using parametric models. While non-parametric methods are likely to explain calibration data and short-term trends well, carefully specified parametric methods may be used to forecast longerterm trends better.
Unfortunately, the flexible error-structure proposed leads to the loss of closed-form properties. Therefore, the resulting joint distribution is estimated using simulated maximum likelihood techniques. The proposed model is applied empirically to estimate the joint system of hazardbased models of trip and stop durations for shopping activities. In particular, the empirical questions above are investigated in the context of shopping activity episodes, based on data from the 1996 Bay area activity-travel survey (Vaughn, 2000) . Using this data, the proposed model is compared against simultaneous regression-based models, independent hazard-based models, and conventional proportional hazard assumptions (fixed alpha parameters) through suitable statistical tests.
The rest of this paper is organized as follows. The next section presents a review of related modeling efforts and empirical insights. The empirical data from the Bay Area survey and the results from preliminary analysis (indicating the need for more general models) are described in Section 3. In section 4, the modeling formulation and estimation procedures are discussed. The empirical analysis from the analysis of trip and activity durations of shopping episodes is presented in Section 5. Finally, concluding remarks and some opportunities for future work are proposed.
BACKGROUND AND LITERATURE REVIEW
Due to the motivating considerations noted earlier, several investigators have modeled stop and trip durations of activity episodes (Golob, 1994; Axhausen, 1992; Hensher, 1994) . Two broad categories of approaches have emerged for analyzing these continuous decision-dimensions. In the first and more widely used approach, regression-based models or variants (simultaneous/structural equations) are used to analyze the relationship between activity duration and underlying explanatory factors. Recent applications using this approach include simultaneous discrete/continuous models of various activity and timing duration data Kuppam and Pendyala, 2000; Golob, 1994) . Bhat (1998) Although this regression-based approach enables the joint analysis of activity and trip durations, it does not adequately account for duration dependence observed empirically. Duration dependence refers to the effect by which 'the time at which an activity will be completed (terminated) depends on the time already spent in the activity' (Kharoufeh and Goulias, 2002) . For instance, a person who has already spent two hours during an activity is perhaps more likely to terminate the current activity than one who has only spent 10 minutes. Disregarding duration dependence can lead to poor model fit, inaccurate forecasts, and ineffective demand management strategies. From a practical standpoint, capturing duration dependence is of importance in reducing the frequency of cold starts (stop durations > 5 minutes) and congestion reduction (e.g. through peak-spreading policies). Another shortcoming of the application of regression models to duration data is that they cannot satisfactorily account for censored data. To overcome the latter restriction, Kasturirangan et al. (2001) develop a tobit-based model of episode-level duration, to account for the fact that activity episodes cannot have a negative duration.
The second major approach relies on the use of hazard duration models to address some of these shortcomings. A hazard function essentially describes the probability that an event (activity, in this study) will terminate between times t and t + dt given that it has lasted until time t. This framework enables the analysis of duration dependence through the specification of hazard function. A key advantage of the hazard-based framework is that it can naturally accommodate censored durations. Due to these advantages, hazard-based duration models have been applied by researchers in several fields including statistics, biometrics, and reliability engineering (Cox, 1984; Grambsch, 1994; Lee, 1992 , Kalbfleisch, 1980 . These appealing features of hazard models have also been recognized and used in the analysis of activity and travel duration data. Neimeier and Morita (1996) found that the shopping duration reduces as the number of stops increases, whereas, Kim and Mannering (1997) Although, the hazard-based framework can be quite general, current applications have imposed strong and restrictive assumptions due to analytical tractability and interpretability considerations. For instance, although trip and activity duration decisions are likely to be correlated, they have been typically modeled separately using independent hazard models. Bhat (2001) observed that that there have been very few empirical applications of simultaneous hazard models of structurally inter-related duration decisions. Among the few transportation applications, Yee and Neimeier (2000) proposed an approximate sandwich estimator (based on Lin, 1989) to account for correlation between repeated duration decisions (of the same dimension) across different panel waves. Bhat et al. (1998) have sought to account for correlation between the duration decision and the discrete activity type choice. Note that the simultaneous (joint) duration process analyzed in this study is distinct from multiple duration processes which have received more attention (Han and Hausman, 1990, Bhat 1996a) . While the focus here is on structurally inter-related duration decisions, in multiple duration models the interest is in modeling a single duration dimension which can end because of multiple outcomes (e.g. person can leave the employed state due to retirement, unemployment etc.).
Many existing duration model applications are based on the assumption of proportional hazard functions. In this approach, it is assumed that hazard rates vary systematically across individuals. The effect of these covariates is modeled by scaling the baseline hazard rate up or down by a multiplicative factor (which varies depending on the level of the covariate). Consequently, all individuals have the same hazard profile, although the intensity of hazard function can vary (Bhat, 1996b) . Since empirical data provide evidence of varying hazard shapes across individuals, Bhat (2001) and Kharoufeh (2002) recognized the need for more flexible representations that allow for heterogeneity (differences in hazard responses across respondents). While Kharoufeh et al.(2002) propose a non-parametric kernel method to account for this heterogeneity, Bhat (2001) proposes a non-parametric model for both baseline hazard and unobserved heterogeneity. In contrast, this study aims to account for these empirical features through a more flexible parametric duration model, as described in Section 4.
DATA DESCRIPTION AND PRELIMINARY ANALYSIS 3.1 Survey Data Description:
Data from the 1996 Bay-Area Household activity survey is used in this study (Vaughn, 2000) . This survey data contains records of 203000 activities, 64000 trips made by over 1200 households. The activity diary collected data on both the activity and travel patterns of all household members including: activity type, start and end times, location of activity, and travel time to activity location. The data was extensively cleaned to select only those records that had no incomplete or inconsistent activity patterns, and reported positive and plausible durations of activities and trips. The total sample size used in this study for model calibration included episode-level records of 1234 shopping activities, whereas, the prediction data set consisted of 1236 records.
The socio-demographic characteristics of the sample respondents are as follows. The sample was nearly evenly split among females (50.3%) and males (49.6%). Nearly 26% of respondents were younger than 25 years, about 18% were between 25-36 years old, 29% were in the age range of 36-50, 14% of participants were between 50-65, and 13% were older than 65 years. Nearly sixty percent of the respondents were employed in full-time or part-time jobs. Travel mode to activity locations included: travel by car (75%), followed by walking (13.5%), mass transit (3.1%), and biking (1%). While 23% of activity episodes were work or school related, discretionary activities consisted of 10% shopping stops, 6% visiting stops, and 8% recreational stops, and 10% maintenance activities, and 20% eat meal trips. The mean (standard deviation) trip and stop durations for shopping trips were 13.75 (11.47) and 43.34 (38) minutes. The presence of significant 10-20% episodes of 2-3, and 3-4 hours for work episodes which appears counterintuitive ( Figure 3 ) was due to the treatment of lunch as a different activity (regardless of whether it involved travel).
Empirical and Theoretical Analysis of Interdependency between Activity and Trip Durations
This section examines (empirically and theoretically) whether correlations between trip and activity durations are significant enough to warrant the development of new models. At an empirical level, correlation coefficients between activity and trip durations are estimated for various activity types. The results indicate mild to moderate correlations between activity and trip durations (shop -0.15, work 0.142 -for workers, visit -0.139, serve passenger (-0.33 for non-workers, and -0.16 for workers), activities for receiving or deliver services (0.267/0.322, for non-workers).
To test for possible endogeneity between the two duration processes, two sets of regression models are estimated. In the first set, trip and stop duration models are separately regressed against purely exogenous variables (significant in other studies) such as: age, gender, and presence of children.. In the second set of models, the endogenous variables of trip (stop) are included as factors explaining the dependent variable stop (trip). The results indicate that inclusion of endogenous variables increases model fit substantially (trip model fit improves six fold, and stop model improves threefold). More formally, the Hausman's test was also conducted to confirm the presence of endogeneity. The results reject the hypothesis that activity and trip durations for shopping processes are mutually exogenous at a 99% confidence level (t-stat = 8.44 > t crit = 2.33). These results illustrate the need to account for correlations between stop and trip durations. If the two duration processes are correlated, independent hazard models can lead to biased coefficient estimates and likelihood, as described in the outline below.
To illustrate, consider a simple hazard model with two correlated duration processes, s and t. Let the hazard functions for the two dimensions be parametrized into a decomposable form (for ease of exposition) as follows: h s (u) = h s0 (u)e z1 , and,
where the baseline hazard functions h s0 and h v0 are assumed to be independent; the time-variates are represented by u and v; and the error terms z 1 and z 2 are intended to capture correlation between the duration processes s and t. The error terms (z 1 and z 2 ) are assumed to be distributed according to a bi-variate normal distribution with mean = 0, variance = 1, with a correlation of ρ. Consequently, the random variables e z1 and e z2 are correlated bi-variate log-normal error terms. The joint conditional hazard function can be written as:
Following standard analysis in single dimensional hazard duration models (Hensher et al., 1994) , the unconditional hazard function can be written as:
If the two durations are correlated as per the normal distribution above then the integrated hazard function takes the form of:
where f(z 1 , z 2 ) represents the standard bi-variate normal density function given by:
In contrast, if the two decisions are mutually independent, the correlation ρ = 0 and the joint density simplifies as follows:
If the two decision processes are positively (negatively) correlated, it can be seen that the independent joint density underestimates (overestimates) the true density and consequently the hazard function, the integrated hazard function and likelihood estimates are all biased. The extent of this bias in the unconditional hazard function was ascertained by conducting 750 Monte-Carlo draws of correlated normal errors for varying levels of correlation and is shown in Figure 1 . The results indicate that this bias increases with increasing correlation, further highlighting the need to account for correlations between inter-dependent (simultaneous) duration processes.
Heterogeneity in hazard duration profiles
Figures 2 and 3 plot the duration distribution across different activity types. Both distributions exhibit duration dependence as the likelihood of event termination tends to increase with increasing duration. Further, the trip duration distribution varies across activity types ( Figure 2 ). For instance, trip durations for work or shopping activities display a monotonically decreasing trend, whereas, the density of travel times increases for service activities initially, and declines later. Therefore, flexible duration models such as log-logistic models that can capture possible non-monotonic trends are more suitable than the Weibull distribution (which leads to monotonic hazard profiles). The plot of activity durations on the other hand reveals not only non-monotonic profiles, but also the presence of multiple local maxima. These profile variations across individuals are partly due to systematic differences in hazard functions and is referred to as heterogeneity. Recognizing the presence of heterogeneity, Bhat (1996b) and Kharoufeh (2002) propose the use of non-parametric hazard functions to account for these differences. In contrast, this study generalizes the proportional hazard model by allowing hazard shape parameters to vary across individuals.
Joint Hazard-based Model of Activity and Trip Durations 4.1 Model Formulation
Consider a sequence of two duration episodes: S (stop/activity duration), and T (trip duration).
It is assumed that the baseline hazards of duration processes S and T, given by h s0 (u) and h t0 (v), are independently distributed according to log-logistic distribution since it permits nonmonotonic hazard profiles.
Case 1: Proportional hazard model Due to the assumption that the hazard parameters, λ, α are identical across the population, the baseline hazard model above does not allow for systematic variations in hazard function across individuals based on their observed socio-demographic attributes. To overcome this restriction, the proportional hazard model is generally used to capture the observed heterogeneity by scaling the baseline hazard up or down based on attributes of individual i as illustrated for duration process S: h si (u) = h s0 (u) exp( -β s X is )
Case 2: Correlated hazard model system However, the basic model above with observed heterogeneity does not permit correlation between duration processes S and T, or unobserved heterogeneity across individuals. These assumptions can be relaxed by assuming the presence of unobserved random factors (y1, and y2) in the two hazard functions. By permitting these unobserved factors to be correlated, the correlation between the processes can also be captured. For analytical convenience, the random error-terms are assumed to be jointly distributed from a bi-variate log-normal distribution. Due to this assumption, the error-terms can be expressed as y1= exp(z1) etc., where z1, z2 are correlated normal random variables. Using a conventional multiplicative form for the unobserved heterogeneity (i.e., proportional hazard form), the hazard function can now be written in a conditional form as follows:
The corresponding conditional integrated hazard functions, conditional survival functions may be written as (Hensher et al., 1994) :
(4b) Since the conditional hazard functions above are mutually independent, the resulting conditional density functions are also mutually independent and log-logistically distributed (in other words, the proportional hazard terms including unobserved heterogeneity are multiplicative constants in the model). Following standard hazard duration derivations, the relationship between the conditional density function and conditional hazard function can be shown as (Bhat, 2001 ) f si (u | y) = h si (u | y) S si (u | y), and,
where S( . | y) represents the conditional survival functions given above. For notational convenience, the individual specific subscript i is dropped hereafter from the unobserved error terms y 1i , y 2i .
Assuming that the baseline hazards h s0 (u), and h t0 (v) are from the log-logistic distribution, the following functional form for the conditional hazard functions can be derived:
The conditional integrated hazard function is given as:
The conditional survival functions may be written as:
Since the conditional density is the product of conditional hazard and survival functions, and the conditional density of S and T are independent given the random errors y, the joint conditional density is given as:
) where the relevant parametric expressions for conditional hazard and survival functions are given in equations 7 and 8.
The unconditional joint density function may be obtained by integrating out the random heterogeneity terms (y1, y2) as follows; f s,t (u,v) =
where g(y 1 , y 2 ) is the joint probability density function of the random error terms (assumed to log-normal in this study), and the expressions for conditional density functions are given below:
Note that the conditional density functions are also conditioned on the parameters θ = {β's, λ's, α's} and systematic attributes X s , X t as well, although these are not indicated for notational convenience. The likelihood L(u*,v*) of observing an actual termination time vector = (u*,v*) for individual i is proportional to the joint density function f s,t (u i *,v i *):
Assuming that individuals in a sample make event termination decisions independently, the likelihood of a sample can be written as the product of individual likelihoods:
Since k is a proportionality constant that is not a function of model parameters, maximizing the likelihood is equivalent to maximizing the product of the joint densities. Therefore, the joint density function over the sample is maximized to obtain model parameters in the procedure discussed below.
It is noted that the log-logistic distribution is chosen for the baseline hazards since it can represent both monotonic and non-monotonic hazard functions. On the other hand, log-normal unobserved errors are used to capture correlations for analytical and computational convenience. This assumption allows for drawing correlated normal errors (z1) which can be easily converted into the log-normal terms, since y1 = exp(z1). However, the procedure above may be extended to other correlated error distributions in a straight forward manner. Similarly, the multiplicative form is chosen for analytical and interpretative convenience (these terms become constants during the integration over time scales u and v, and the effect of heterogeneity is introduced by simply scaling the baseline hazard up or down through a multiplicative factor).
Case 3: Correlated hazard models with variable shape parameters across individuals
Note that in the models above, the hazard parameters (shape parameter α, and intensity parameters λ) are assumed to be fixed and identical across individuals. To represent more flexible hazard profiles, the hazard shape parameters α (α s and α t ) are permitted to vary systematically across individuals according to the following Linear-In-Parameters (LIP) specification in this study:
where the variables Z 1 , … Z n are individual attributes affecting the shape parameter, and the error ν n represents unobserved and random variations across individuals. This generic equation can be separately applied to stop/activity and trip shape parameters by including suitable covariates Z. The hypothesis that shape parameters are identical and fixed can be tested in a straight-forward manner by setting the coefficients in equation (12) to zero (α 1, α 2 = 0,…etc.). The procedure to estimate the model given in equation (11) is described below.
Model Estimation Procedure:
Maximum Simulated Likelihood Estimation The parameters in the density function given by (9) are estimated using a simulated maximum likelihood estimation procedure described below: 1. Draw R bi-variate log-normal error vectors y r = (y sr, y tr ) to account for correlation between stop and trip duration. 2. The independent components of the baseline hazard distribution for stop and trip durations (in equation 2a, 2b) are assumed to be log-logistically distributed with parameters [(α s , λ s0 ), (α t , λ t0 )] respectively. The corresponding conditional hazard functions are given by:
In the equations that follow, the functions C sr, C tr , I tr , I sr are all conditional upon the correlated lognormal error terms. For notational simplicity, the conditioning term is dropped from the function subscript and we write C sr to imply C sr|y and so on. 
Σ
The functions f r is conditional on log-normal errors (y sr , y tr ), and both the functions f i (.) and f r (.) are conditioned on the hazard parameters (β) and data values (X). 7. The likelihood (L i ) of observing activity and trip durations of u i , v i is proportional to the joint density function evaluated at u i ,v i . This may be expressed as: L i ( θ| u i , v i . X si , X ti ) = k f i (u i , v i | X si , X ti , θ), where k is a constant of proportionality.
8. The sample likelihood L(θ | u i , v i . X si , X ti ) given in equation 11 is obtained as the product of estimate in step 7, under the assumptions that a) the decisions across individuals are independent, and b) the constant of proportionality k is set to 1 (without loss of generality, since the constant does not affect the maximization procedure).
9. This likelihood function L(.) is maximized to determine the vector of parameters (θ) using standard non-linear optimization techniques from simulated MLE procedures (Hajivassiliou, 1996 ; Revelt, 1998).
MODELING RESULTS AND DISCUSSION
To test whether duration dependence effects are significant in activity and trip duration processes, the predictive performance of the 'best' independent hazard-based model specification is compared against a corresponding (same covariates were used) regression-based model. The calibration data set consisted of 1234 shopping episode records from the SF data described earlier. Due to the different parametric assumptions in the two models, a direct comparison of the likelihood can be misleading. Therefore, to ensure a common basis for comparison, the observed trip and activity durations were grouped into discrete duration intervals (bins) and the probability of selecting the chosen bin was estimated for the two models. The discrete duration likelihood for the regression-based model was -6192, whereas, the hazard based model provided a much better data fit with a log-likelihood of -4196. Since the two models had the same number of explanatory variables, the AIC criterion selects the model with the larger likelihood (hazardbased model). Hence, the hypothesis that there is no duration dependence in shopping trips must be rejected. Thus, it is essential to explicitly account for the time-varying nature (more specifically, dependence on elapsed time) of activity-based duration processes, at least in the context of shopping activities.
Next, three alternative hazard-based models of shopping episodes are compared (Table 1) to test for correlation between duration processes, and heterogeneity in shape parameters. The models include: i) independent hazard models (IHM -Model 1), ii) correlated hazard model with fixed shape parameter (Model 2), and iii) correlation duration processes with heterogeneous and flexible shape parameter (Model 3). The log-likelihood of the three models are respectively: -10,099 (37 parameters), -10,066 (40 parameters), and -10,032 (67 parameters). Since both models 1 and 2 can be obtained as parametric restrictions of model 3, the likelihood (in terms of density) are compared using χ 2 tests. Chi-squared tests on models 1 and 2 indicate that activity and trip durations are correlated at the 1% level (χ (0.01, 27 degrees of freedom) = 46.96). The effect of varying alpha parameter is depicted graphically for shopping activity durations for a single socio-demographic segment (male, age: 30-40, full-time worker, auto mode, from multi-person, multi-car household) in Figure 4 . This figure illustrates that as the shape parameters vary with time-of-day and the peak of the hazard function and slopes change accordingly. Also, note that the presence of co-passengers changes the intensity of the hazard function.
In view of the findings only the joint model with heterogeneity and variable shape parameter (model 3) is interpreted below and the coefficients displayed in Table 2 . The role of covariates is first analyzed, followed by a discussion of the role of alpha (shape) parameters. The results are interpreted below with reference to a baseline respondent with the following characteristics; young male (20-30 years), non-worker belonging to a multi-person and multi-car household.
Effect of Covariates on Hazard Rate
The covariate effect directly scales the baseline hazard rate (up/down) by a multiplier exp(-βX).
Thus if the coefficient is positive, the hazard rate decreases (due to the negative sign) compared to the baseline, and the duration of 'survival' increases.
a) Individual Attributes:
The hazard rate for part-time workers was higher than non-workers suggesting a shorter shopping trip duration on average than non-workers, possibly due to work-related time constraints. Individuals with disability, on the other hand, have lower hazard rates or longer trip duration to shopping activities, possibly due to access difficulties and the use of public transit modes. While the hazard rate for trip duration appears to decrease slowly with age, the rate was the lowest for individuals in the age group (40-50) years old.
In contrast to the effect on trip duration, older respondents particularly in categories 20-30, 30-40, and 40-50 have a higher activity duration hazard rate (or lower shopping times). However, females in all age groups have a lower hazard rate for activity duration, implying longer shopping duration. This finding is consistent with several other empirical studies and reflects the strong role of women in meeting household shopping needs.
b) Household Attributes:
Respondents in the middle income category have a larger hazard rate (shorter trip duration) than other income groups suggesting differences in shopping destination choice, and the effect of value of time across various income segments. Individuals that own homes are found to travel longer (smaller hazard rate) to participate in shopping activities. This suggests a significant linkage between land development pattern and lower prices in the suburb, and the demand and need for longer travel to access activity locations.
Household structure and interactions also play a key role in determining shopping trip duration. As expected, single parents have a considerably lower shopping trip duration (higher hazard rate) than the baseline, which may be expected due to the child-care obligations, and constraints of increased non-discretionary activity demands on these respondents. Individuals from single person household also exhibit higher hazard rates, even though they are not faced with these constraints. In this case, the shorter duration is possibly a reflection of lower consumption needs than a multi-person household.
As with shopping trips, the presence of children (particularly school going kids) tends to inhibit shopping activity duration, whereas, the shopping duration of elderly head of the households is longer (lower hazard) due to a greater degree of time flexibility and increased household responsibility. The shopping durations of single person and single parents are shorter than other individuals, consistent with explanations described above. Individuals from a single car household had longer shopping episodes than the baseline respondents. A plausible explanation is that these households may shop less frequently but for a longer duration, to efficiently utilize the single car to satisfy activity participation needs.
c) Trip and Situational Attributes:
Other situational and travel-related factors also influence the trip duration, consistent with a priori expectations. For instance, transit users have a lower hazard rate and longer trip duration than auto users, a reflection of the large out-of-vehicle trip times (transfer, waiting, access times) associated with transit. Interestingly, whether or not free parking is available at the destination also affects the hazard rate of shopping trip duration. When free parking is available, a higher hazard (trip termination probability) is observed. This implies that if parking is not free, then the trip is likely to be extended, perhaps in search of free parking. The presence of co-passengers leads to increased trip duration (lower hazard rate).
Surprisingly, as the cost of parking increases, longer stop durations and lower hazard rates were observed. However, this finding may be an indication of the willingness of users (who shop for longer durations) to pay more towards parking costs. The results also indicate longer shopping activity durations in the morning peak and afternoon than off-peak periods, and lower stop durations in the evening peak. These results are consistent with the lower shopping propensity reported for workers who leave during the evening peak period (Bhat , 1996a).
5.2) Role of covariates on Hazard Shape Parameter (α)
Unlike the simple multiplicative effect of covariates in the previous section, the effect of covariates on the hazard shape parameter must be interpreted more carefully for the following reasons. For non-monotonic log-logistic hazard functions (α > 1), the shape parameter determines both the peak hazard intensity as well as the time-to-peak characteristics (Hensher and Mannering, 1994) . With increasing α, the time-to-peak increases suggesting longer durations, whereas, the peak hazard intensity also increases suggesting that event (duration) termination probability increases once the peak is reached. Thus, with increasing α, the probability of activity termination increases up to a critical time threshold, while the probability decreases thereafter (see Figure 4) .
a) Individual attributes:
The shape factor for trip duration is smaller for females, and older respondents than younger respondents and males. Females are also seen to have a higher shape parameter for activity duration than males, suggesting lower hazard peak intensity and longer shopping 'survival' propensity, consistent with other empirical studies. Workers, on the other hand have a larger α for the activity duration compared to the non-workers, indicating a greater propensity to terminate shopping activity once the peak hazard rate is reached.
b) Household attributes:
Persons in a single person household have a smaller shape parameter for trip duration than baseline respondents (suggesting shorter trips on average, consistent with lower consumption needs). Larger households (with four or more members) also display a larger α value indicating later (+ve coefficient) and higher peak hazard intensity (longer trip durations on average). On the other hand, the greater time constraint on single parents is reflected in smaller shape parameter, and may lead to shorter trip times. Interestingly, the shape parameter for stops increases for these individuals, suggesting that the probability of duration termination increases, once the peak is reached, compared to the baseline case. In contrast, the shape parameter for multi-person households with children shows an opposite trend. A lower trip shape parameter and larger activity shape parameter are found suggesting that these respondents shop closer to home or work locations, but are likely to shop for longer times (until peak hazard rate is reached) consistent with the increased consumption needs of larger households. Note that the net impact of children on both trip and stop durations must be obtained by considering the impact of covariates on hazard intensity and shape parameters. The shape parameter (stop duration) for multi-person households without children is also higher (0.22) than the baseline, a trend consistent with the finding for multi-person household with children (0.16).
c) Situational attributes:
The hazard shape parameter is also influenced by trip and time-of-day characteristics. The shape parameter for walking trips is larger than auto trips indicating: i) longer trip time due to lower speed (longer time-to-peak), and ii) increased duration termination likelihood with increasing trip time (the chances of longer duration walking trips decreases with increasing distance/duration). Trips in the afternoon have a smaller shape parameter (lower durations) than shopping trips during morning and evening peak hours, reflecting lower congestion in the afternoon. In contrast, the shape parameters for activity duration increases for afternoon shopping episodes, and decreases in the morning and evening peak periods. These results are consistent with expectations of the lower time spent on shopping activities during the peak hour due to congestion avoidance and trip-chaining constraints.
The data also revealed the presence of unobserved heterogeneity in hazard rates of trip and activity durations. The standard deviation of the log-normal error terms for stop duration was found to be 0.98, and the corresponding standard deviation for trip duration was 0.77. Both were significant at the 1% level (t-stats = 5.32, and 3.78 respectively), indicating considerable unobserved variation across individuals. The correlation between the two duration processes was found to be small (0.14), but significant (t-stat = 4.14). This result confirms the previous finding of endogeneity between the two processes. Thus, it is essential to jointly model the activity and trip duration process for shopping activities, which may also apply to other activity types.
Using a prediction data set, the performance of the proposed model is compared against the simultaneous regression model and independent hazard model for purposes of validation. The following statistics are used as the basis for comparison (see Table 3 ). 1) log-likelihood of prediction data set (1236 observations in a different hold-out data set) 2) aggregated loglikelihood of predicted discrete duration intervals (bin), and 3) the closeness of fit of the predicted market shares with observed data (for discrete duration intervals) is assessed. The results are reported in Table 1 .
In both the calibration and prediction data set, the proposed model outperforms the independent hazard-based model and the simultaneous regression model. These results were valid for both the disaggregate and aggregated (into duration intervals) likelihood values. The closeness of fit with empirical is assessed using three measures -RMS (root mean squared deviation), mean absolute percentage error (MAPE), and maximum percentage error (MPE) between predicted and observed shares. The predicted shares obtained from the proposed model was closer to the observed market shares under the proposed model than the independent hazard model, for all three measures of comparison (by 4-8%, roughly consistent with the bias corresponding to correlation of 0.14 in Figure 2 ). These statistics collectively confirm that the proposed model provides a more accurate representation of observed shopping activity and trip duration data than alternative specifications.
The proposed empirical models can be improved further by the addition of more policy-sensitive and behavioral factors not considered in this study. For instance, the performance of the trip duration model can be enhanced by the consideration of destination choice decision, access measures, and inclusion of network level-of-service and congestion related variables. Similarly, the activity duration model can be refined by consideration of trip-chain, time constraints, and inter-household interdependencies. Further, due to the focus on episode level analysis, the interdependency between tour-level and past state-dependence (activity type choice decisions) have not been investigated, but are needed for a richer understanding of the tour and pattern level duration decision processes. This analysis accounts for observed heterogeneity in shape parameters, and unobserved heterogeneity in covariate effects. This study may be generalized to permit variability in the lambda parameters for stop and trip durations, and unobserved heterogeneity in both shape and intensity parameters. However, the proposed model partially accounts for tour level interdependency at the unobserved level, and can reduce potential bias in hazard models due to correlation between activity and trip durations. Such correlations may be induced due to the effect of unobserved error terms from the activity type choice decision affecting both stop and trip durations.
The joint hazard model can be included as a part of the planning and travel demand models to address two key shortcomings of trip-based models. First, the explicit analysis of durations (activity and trips) enables the representation of temporal aspects that are needed in modeling congestion. For instance, this model may be used to obtain the distribution of durations of trips for various O-D pairs, instead of the static O-D table typically used in planning. Second, this framework can be extended to model trip-chaining effects by modeling the interdependence between all activity episodes and trips in a tour. The consideration of inter-dependence of trips and activities in a tour will lead to increased behavioral realism than trip-based models, which assume that different trips by the same person are independent. Finally, the proposed models may also be used in air-quality assessment studies. In particular, they may be used to estimate the number of cold and hot starts, since the model outputs provide useful information about activity and trip durations. When combined with tour (number of activities) and O-D information, it will be possible to estimate the frequency of hot and cold starts at a disaggregate level, and its variation over time and space on the network. Note that while the use of these general duration models in the planning process can lead to increased policy sensitivity, and accuracy, the lack of closed forms will necessitate the use of micro-simulation based approaches to analyze policy impacts.
6.0 CONCLUSIONS In this paper, a joint hazard-based model is proposed to analyze mutually interdependent (simultaneous) duration processes. The proposed model generalizes independent hazard based models by accounting for correlations between simultaneous duration processes. Further, the model also permits flexible and variable hazard profile parameters to capture realistic features observed empirically in activity duration data (e.g. bi-modal peaks etc.). The proposed model relies on an implicit component of error structure which combines a baseline hazard function (log-logistic distribution) with a mixing (log-normal distribution) to account for correlations. This model is estimated using simulated maximum likelihood techniques based on Monte-Carlo simulation of random components to analyze activity and trip duration for shopping activities.
The results highlight the need to account for duration dependence effects in activity-travel duration decisions. Furthermore, hazard-based models that disregard correlation across joint duration processes (using hazard-based models) can provide biased estimates and inaccurate forecasts. The results imply that stop and trip durations for shopping activities are positively correlated. The hazard rate shape parameters and covariates also vary significantly across individuals, suggesting the need for targeted demand management measures. At a substantive level, the results indicate the role of factors personal, household, and situational attributes on activity and trip duration decisions.
This study illustrates the value of the proposed framework at the episode level for a single activity type, and can be generalized to capture duration process dynamics at the tour and pattern levels across multiple activity types. The proposed framework has important applications and extensions in the travel behavior arena for developing models of timing and duration, and other multiple spell duration data. A comparison of the theoretical and empirical properties of the more flexible parametric framework proposed in this study, in relation to non-parametric methods, forms an interesting line of further research. Let f(t) represent the probability density function of a duration related random variable t (e.g. stop and trip durations), and F(t) represent the corresponding cumulative distribution function.
Glossary of Technical terms

Hazard rate:
The hazard function or failure rate is denoted by h(t) and calculated from
The hazard function/rate is sometimes called a "conditional failure rate" since the denominator 1 -F(t) (i.e., the population survivors) converts the expression into a conditional rate, given survival past time t.
Baseline hazard function:
The hazard function for a baseline group (with pre-set or identical attributes (z 0 )) is referred to as the baseline hazard function, and is given by h 0 (t), with h 0 (t) denoting legitimate hazard function (failure rate) for some unspecified life distribution model. This concept is sometimes used to represent the average hazard function in a population, under the assumption that differences in individual attributes do not affect the hazard function. survival functions Survival Function: The Survival Function S(t) (also referred to as reliability function) is defined by S(t) = the probability that the event (activity) survives/endures (e.g. activity duration lasts) beyond time t. S(t) = Pr( T > t) = 1 -F(t).
Integrated hazard function:
The integral of the hazard function until a pre-specified time t, is called the integrated hazard function or the cumulative hazard function and is given by:
Relationship between density (f), survival (s), and Integrated Hazard Functions (IHF) h(t) = f(t)/ S(t) = -dS(t)/ S(t)
Integrating the equation above between 0 to t:
Rearranging, S(t) = exp[-I(t)]
Since f(t) = h(t) S(t), it can be rewritten using only hazard terms as: f(t) = h(t) exp(-I(t))
Parametric and Non-parametric Hazard Functions:
Hazard functions based on assumed statistical distributions with parameters are referred to as parametric hazard functions. Non-parametric hazard models assume no explicit functional forms, but use data to empirically calibrated the hazard function.
Activity episode:
Activity episode is defined (in this study) as an interval of time corresponding to a given instance of participation in a particular activity type (e.g. shopping), and broadly refers to both the activity itself, and the travel that precedes it (only for out-of-home activities). Note that an individual may participate in several activity episodes of a given type in a given day. 
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